The radial velocity method plays a major role in the discovery of nearby exoplanets. To efficiently find planet candidates from the data obtained in high precision radial velocity surveys, we apply a signal diagnostic framework to detect radial velocity signals that are statistically significant, consistent in time, robust to the choice of noise models, and not correlated with stellar activity. Based on the application of this approach to the survey data of the Planet Finder Spectrograph (PFS), we report fifteen planet candidates located in fourteen stellar systems. We find that the orbits of the planet candidates around HD 210193, 103949, 8326, and 71135 are consistent with temperate zones around these stars (where liquid water could exist on the surface). With periods of 7.76 and 15.14 days respectively, the planet candidates around star HIP 54373 form a 1:2 resonance system. These discoveries demonstate the feasibility of automated detection of exoplanets from large radial velocity surveys, which may provide a complete sample of nearby Earth analogs.
INTRODUCTION
One of the ultimate goals of exoplanet research is to find nearby Earth-like planets. The radial velocity (RV) and transit methods have made the main contributions to exoplanet detections. RV measurements for nearby bright stars can be made relatively efficiently and have enabled planets to be discovered around a significant fraction of them. The transit technique is relatively more sensitive to faint and distant stars. Considering the rare occurrence rate of transit events, the RV method is still of great importance for discovering nearby planets, as evidenced by the detection of Proxima Centauri b (Anglada-Escudé et al. 2016 ) although the Transiting Exoplanet Survey Satellite (TESS) is poised to find thousands of nearby transit systems (e.g., Ricker et al. 2014) .
Since the Earth is the only planet known to host life, a conservative path to the detection of extraterrestial biosignatures is to find an Earth-like planet around a Sun-like star (also called "Earth twin"). To detect such signals, we need to have high precision RV data which is sensitive to about 0.1 m/s RV variations (Mayor et al. 2014) . For less massive stars like M dwarfs, the signals corresponding to Earth-sized planets in their temperate zones (where liquid water can exist on the surface; Kopparapu et al. 2014) can be as high as 1 m/s. To be distinguished from the Earth twins, we call these planets "Earth analogs". Thanks to the recent development of high precision spectrometers such as ESPRESSO (Pepe et al. 2010) and NEID (Schwab et al. 2016) as well as advanced noise modeling and activity mitigating techniques (Feng et al. 2017b; Dumusque 2018) , we are moving towards the detection sensitivity of Earth twins though multiple issues related to stellar activity and instrumental stability (e.g., Fischer et al. 2016 ) still need to be resolved.
The availability of long-term, high-precision spectroscopic observations is one of the basic requirements in the discoveries of Earth analogs such as Proxima Centauri b (Anglada-Escudé et al. 2016) , GL 667 Cc , and Luyten b (Astudillo-Defru et al. 2017) . To this end, the Carnegie Planet Finder Spectrograph (PFS; Crane et al. 2010 ) is one of the major instruments dedicated to performing a high-precision spectroscopic survey of nearby stars. Since its commissioning in 2010, it has made important contributions to the discovery (Proxima Centauri b at 1.3 pc; Anglada-Escudé et al. 2016, Barnard's star b at 1.8 pc; Ribas et al. 2018 ) and characterization (GJ 9827 bcd at 30 pc; Teske et al. 2018 ) of nearby planets.
In this work, we use PFS survey data presented in Section 2 and describe how it is processed with a signal diagnostic framework in Section 3 and apply it to the PFS survey data, and select signals that are statistically significant, consistent in time, uncorrelated with stellar activity indicators, and robust to the choice of noise models. We then identify planet candidates from these signals and discuss the 15 of the most significant signals individually in Section 4. Finally, we conclude in section 5.
DATA
The PFS measures the Doppler shift of stellar spectral lines through calibration with the spectrum of iodine (e.g., Marcy & Butler 1992) . The calibration and the barycentric correction of the spectrum are implemented through the procedures introduced by Butler et al. (1996) . The CaII HK (converted to S-index) and the Hα lines are extracted from the spectrum to assess the stellar activity level. The photon noise is calculated through photon counts by assuming a Poisson distribution. We consider this photon noise as an indicator of instrumental and/or stellar noise because it can modulate the uncertainty of RV measurements and thus change the likelihood of a periodic signal.
For all PFS targets, we find the relevant astrometry, systematic RV, and luminosity from Gaia DR2 (Gaia Collaboration et al. 2018) through cross-match using a search cone of 2 . The Gaia source corresponding to a PFS target is identified by selecting the brightest star among all matched sources. This approach works because most PFS targets are stars which are bright and with an apparent visual magnitude of less than 15. The mass of a star is estimated through the mass-luminosity functions introduced by Malkov (2007) , Eker et al. (2015) and Benedict et al. (2016) . The stellar type of each star is found by cross-matching the PFS targets with the Simbad database (Wenger et al. 2000) .
INITIAL SELECTION OF PLANET CANDIDATES
We define a signal diagnostic framwork to identify signals in the PFS RV data. The following steps are used to search and constrain signals.
• We calculate the Bayes factor periodograms (BFPs) for activity indices using Agatha (Feng et al. 2017a) and identify activity signals at periods of P activity . In the calculation of BFP, we use the first order moving average model (MA(1); ) to account for time-correlated noise. Compared with traditional periodograms such as the Lomb-Scargle periodogram (Lomb 1976; Scargle 1982) , the BFP is able to model the excess white noise as well as the red noise in a time series.
• We calculate the BFPs for the RV data using the white, MA(1), and first auto-regressive (AR(1); Tuomi & Anglada-Escudé 2013) noise models and identify signals for each noise model (called "BFP signals" at periods of P BFP ). Although AR(1) might lead to false negatives according to , we use it to test whether an RV signal is noise-model dependent.
• We use the adaptive Markov Chain Monte Carlo (MCMC) algorithm (called "DRAM") developed by Haario et al. (2006) for model and parameter inferences. Specifically, we launch tempered (hot) chains to find the global maximum of the posterior and use non-tempered (cold) chains to constrain the maximum a posterior (MAP) signal. Such a combination of hot and cold chains allows the parameter space to be well-explored without getting stuck in local maxima. This approach incorporates model complexity by considering prior distributions. Our algorithm is similar to the hybrid MCMC algorithm developed by Gregory (2011) . Similar to our previous works (Feng et al. 2017b ), we adopt a semi-Gaussian prior distribution with zero mean and 0.2 standard deviation for eccentricity to account for the eccentricity distribution found in radial velocity planets (Kipping 2013 ) and in transit systems (Kane et al. 2012; Van Eylen et al. 2019) . Such a broad semi-Gaussian distribution allows solutions with relatively high eccentricity but panelizes solutions with extremely high eccentricity. We adopt uniform priors for the logarithmic orbital period and for other orbital parameters.
We constrain each RV signal in the data until any additional signals do not increase the likelihood significantly. In other words, a signal is statistically significant only if the inclusion of it in the RV model leads to a Bayes factor (BF) of larger than 150 or ln(BF)> 5 (Kass & Raftery 1995; Feng et al. 2016 ). The BF is the ratio of marginalized likelihoods (or evidences) for two models. We derive the BF from the Bayesian information criterion following Kass & Raftery (1995) . Thus the calculation of BF in this work assumes uniform prior distributions of model parameters. This BF criterion is found to be optimal compared with other information criteria based on analyses of simulated and real RV data sets (Feng et al. 2016 ). Therefore we use the BF criterion to assess the significance of signals.
The optimal noise model is chosen according to the model comparison scheme in Agatha (Feng et al. 2017a ).
According to the comparison of various noise models for both synthetic and real RV data sets (Feng et al. 2016) , the MA models are optimal for avoiding false positives and negatives. Hence we compare the lower and higher order MA models by calculating their BFs. We select the most complex model (with highest order) that passes the criterion of ln(BF)> 5. For example, we calculate the maximum likelihoods for the white noise, MA(1), MA(2), and MA(3) models for an RV data set. The logarithmic BFs for MA(1) and white noise model and for MA(2) and MA(1) are larger than 5 while the logarithmic BF for MA(3) and MA(2) is less than 5. The optimal noise model would be MA(2) since it is complex enough to model the time-correlated noise in the data and is simple enough to avoid overfitting.
• We define a moving time window and calculate the BFP for each step. In other words, we calculate BF(P i , W j ) (or BF ij ) for the i th period for the j th time window (W j ) and form a two dimensional power spectrum. Since the nubmer of RVs in different time windows are different, we normalize BF ij for each time window to compare the consistency of signals across time windows. Specifically, we scale the maximum BF for time window W j to one through BF j = BF j /max(BF j ) where BF = {BF 1j , BF 2j , BF 3j , ...}. To optimize the visualization of the significance of signals as a function of time, the window sizes and steps are chosen according to the sampling and size of the data as well as the period of target signal. For example, for a set of 100 RVs sampled uniformly over a time span of one year, we can divide the time span into 12 bins and calculate the BFP for the RVs in each bin or time window to investigate the time-consistency of signals with orbital periods less than 30 days. For long period signals, broader time windows should be defined. This example provides a rule of thumb for the choice of window sizes and steps. We call this two dimensional BFP "moving periodogram". It is used to check the time-consistency of signals identified by MCMC (called "MCMC signals" at periods of P MCMC ). We refer the readers to Feng et al. (2017a) for more details.
• We assess the overall quality of an MCMC signal. A genuine Keplerian (due to a planet) signal should be -robust to the choice of noise models. The difference between the period of the MCMC signal and the corresponding BFP signals are less than 10% (i.e. 0.9P BFP < P MCMC < 1.1P BFP );
-not caused by stellar activity. The difference between the period of the MCMC signal and the signals with the two highest BFs for each activity index are less than 10% (i.e. P MCMC < 0.9P activity or P MCMC > 1.1P activity );
-statistically significant. The MCMC signal passes the ln(BF) threshold of 5;
-consistent in time. For an MCMC signal at a period of P i , the standard deviation of BF i = {BF i1 , BF i2 , BF i3 , ...} should be less than 0.5.
The above criteria are aimed at selecting as many candidate signals as possible and at removing obvious false positives. Hence the signals identified through these criteria will be further studied to investigate their origin. To examine the overlap between two signals, we adopt a 20% period window centered at the period of one of the two signals. This use of period ratio or percentage rather than a constant period is consistent with our use of the uniform distribution as the prior of logarithmic period. This period window is narrow for long period signals that are typically not well constrained but is broad for short period ones that are well constrained by the data. Since most of our data sets have a short time span and cannot be used to identify long period signals (e.g., a few years), the period window is broad enough to exclude most false short period signals although it might also exclude real long period signals. On the other hand, RV signals might be the harmonics of activity signals that are outside of the period window and thus cannot be rejected through this criterion. However, such a scenario is unlikely because we use two signals in each activity index to identify overlaps and the harmonics are unlikely to pass all other criteria if it is due to activity. Although we use a moving periodogram to check the consistency of signals in time, it may not always show consistent power even if a signal is genuine because the power in the BFP for a given time window is also determined by the time span of the window, the sampling of the data, and the period of the signal. For example, if the period of a signal is longer than the time span of the whole data set, there would be no time window that can cover one period and thus a moving periodgram is not suitable for a consistency test. In this case, our algorithm would still count the signal satisfying the time-consistency criterion although further analyses are needed to investigate the nature of such signals.
Since many of our PFS data sets contain less than 50 RVs, we are cautious about whether a signal can be reliably detected and whether the instrument is stable enough for the detection of long period signals. We use two criteria to deal with these problems. First, we use the moving periodogram to check the consistency of signals to diagnose the stability of spectrograph and to check the time consistency of signals. Second, we avoid overfitting by comparing the null hypothesis and the planet hypothesis in the Bayesian framework. We use ln(BF)>5 (Kass & Raftery 1995; Raftery 1995) to select the best model. Since the null hypothesis is typically favored by BF (Kass & Raftery 1995) , we expect few false positives in our automated signal identification. A similar conclusion has been drawn by Feng et al. (2016) based on a comparison of various information criteria in the analyses of simulated and real RV data sets. Considering that most short-period Keplerian orbits are not eccentric (Kipping 2013) , there are typically less than five efficient free parameters for a Keplerian orbit although we calculate the BF using five parameters to penalize complex models. Hence the BF criterion is conservative enough to avoid overfitting.
The application of the diagnostic procedure to 534 PFS data sets leads to an identification of 480 periodic signals. We assign the quality flag of "A" to a signal if it satisfies all of the four criteria, "B" if it fails to pass one criterion, "C" if it fails to pass two criteria, "D" if it only passes one criterion, and "E" if it satisfies no criterion. By the automated analyses, we find 42, 173, 192, 67 , and 5 signals with quality "A", "B", "C", "D", "E", respectively. We further investigate the "A" and "B" quality signals and select 15 planetary candidates to report. These targets do not have available data from other instruments and thus are suitable for our automated algorithm, which is aimed at identifying signals in RVs measured by a single instrument. We will design an updated algorithm for automated analyses of data sets from multiple instruments in the upcoming work. The physical and observational properties for the stars in these systems are shown in Table 1 .
RESULTS
The parameters of planet candidates are inferred from the posterior samples drawn by DRAM chains and are shown in Table 2 . The phase curves of all planet candidates and activity signals are shown in Fig. 2 . In the calculation of BFPs for noise models, we do not use Gaussian process (GP) as many previous studies did (Haywood et al. 2014; Rajpaul et al. 2015) since GP could lead to false negatives according to recent studies (Feng et al. 2016; Dumusque 2016; Ribas et al. 2018) . Moreover, an appropriate kernel for activity modeling is typically not known if the rotation period and activity life span is not well determined. We perform uniform analysis of PFS targets in this work, and could explore incorporating Gaussian processes informed by photometric data available in the future. Hence we cannot determine the rotation periods of most stars except in the cases that rotation-induced activity signals can be found both in activity indices and in RVs.
The RV signal corresponding to a candidate is typically consistently found in different data chunks, as shown in the moving periodogram (e.g., see Fig. 16 for HD 210193). As mentioned in section 3, the moving periodogram may not be suitable for all signals, thus we only show them for the RV signals that need further confirmation. We also calculate the BFPs for activity indices and do not find any overlap between activity signals and the Keplerian signals. We display these in a series of plots from Fig. 1 onwards where subplots P1 is for Hα etc.. The 14 PFS data sets are shown in Table 3 .
We discuss the results for individual cases as follows.
• HD 210193 is a G star with a mass of 1.04 M and distance of 42.25 pc. The planet candidate has a minimum mass of 153 M ⊕ and an orbital period of about 650 days. It is a warm giant planet located in the temperate zone Table 1 . Physical parameters and observation parameters for PFS targets reported in this paper. The astrometric parameters and the effective temperature are provided by Gaia DR2 (Gaia Collaboration et al. 2018) . The stellar mass is derived from the Gaia luminosity using the mass luminosity relationships in Malkov (2007) , Eker et al. (2015) and Benedict et al. (2016) . The spectral type is determined through a cross-match of PFS targets with the Simbad database. with the inner and outer boundary corresponding to orbital periods of 256 and 926 days, respectively, according to Kopparapu et al. (2014) .
We also calculate the BFPs for activity indices and do not find any overlap between activity signals and the Keplerian signal, as shown in Fig. 1 . The phase curve in Fig. 2 shows a good fit of the one-planet model to the RV data in terms of phase coverage and high statistical significance (i.e. ln(BF)=10.9). The corresponding RV signal is consistently found in different data chunks, as shown in the moving periodogram (see Fig. 16 ).
There are also other short period signals shown in the BFPs for residual RVs (P6, P8, P10, and P12 in Fig. 1 ), but they are either not significant or depend on the choice of noise models.
• HD 211970 (GJ 1267) is a K star with a mass of 0.61 M . It is about 13 pc away from the Sun and is the nearest star in this reported sample. The planet candidate is consistent with a Neptune with a minimum mass of 13.92 M ⊕ and an orbital period of 25.2 days.
We also identify an activity signal at a period of 64.0 days. This activity signal shows strong power in the BFPs for RVs and S-index. A Keplerian fit of the activity signal to the RV data shows non-zero eccentricity and large residuals with RMS of 4.2 m/s (see Fig. 2 ), suggesting an origin due to the quasi-periodic differential rotation of the star that cannot be properly modeled by deterministic periodic functions. Thus the rotation period of this star is probably 64 days. Since the true model of activity signal is not known, we report the orbital parameters for the planet candidate based on the MCMC posterior sampling for one-planet model.
• HD 39855 is a G star with a mass of 0.87 M and a distance of 23.28 pc. The planet candidate is consistent with a hot super-Earth with a minimum mass of 8.5 M ⊕ and an orbital period of 3.25 days. The corresponding RV signal is not evident in the BFPs for S-index and Hα shown in Fig. 4 .
• HIP 35173 is a K star with a mass of 0.79 M and a distance of 33.19 pc. The planet candidate is consistent with a Neptune with a minimum mass of 12.7 M ⊕ and an orbital period of 41.5 days. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index and Hα shown in Fig. 5 . This signal is also consistently strong in various data chunks as seen from the moving periodogram in Fig. 19 .
• HD 102843 is a K star with a mass of 0.95 M and a distance of 62.87 pc. The planet candidate is consistent with a cool Saturn with a minimum mass of 114 M ⊕ and an orbital period of 3090 days. Due to its long orbital period, the time span of the data is not long enough to cover multiple orbital periods and thus the moving periodogram is not appropriate for test of time-consistency. This signal is statistically significant (ln(BF)=7.7 and also see Fig. 2 ) and is unique in the BFPs for various noise models (see Fig. 6 ). On the other hand, the BFP for Hα shows a signal with a period much longer than the RV signal, probably arising from the magnetic cycle. • HD 103949 is a K star with a mass of 0.77 M and a distance of 26.52 pc. The planet candidate has a minimum mass of 11.2 M ⊕ and an orbital period of 121 days. It is a warm Neptune located in the temperate zone. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index and Hα shown in Fig. 7 .
• HD 206255 is a G star with a mass of 1.42 M and a distance of 75.40 pc. The planet candidate is consistent with a Neptune with a minimum mass of 34.2 M ⊕ and an orbital period of 96.0 days.
The corresponding RV signal is unique and has an eccentricity consistent with zero as indicated by the posterior distribution. Thus the extra number of free parameters of the one-planet model with respect to the zero-planet model is better to be set three instead of five in the calculation of BF. The former leads to ln(BF ) = 8.1 while the latter to ln(BF)= 4.6. Although the latter does not pass the ln(BF)> 5 criterion, we count it as a valid planet candidate due to the above considerations in the calculation of ln(BF) and also because it satisfies all other criteria (see Fig. 8 ).
• HD 21411 is a G star with a mass of 0.89 M and a distance of 29.16 pc. The planet candidate is consistent with a Neptune with a minimum mass of 65.8 M ⊕ and an orbital period of 84.3 days.
However, the corresponding signal is not as strong as the 18.8 day signal in the BFP (see Fig. 9 ) probably due to its high eccentricity (e = 0.4) and the assumption of circular orbit in the calculation of BFP. To confirm the signal, we launch multiple MCMC chains and find the same significant 18.8 day signal, leading to ln(BF)= 13.2. We also constrain the 84.3 and 18.8 day signals simultaneously and find that the two-planet model has a logarithmic BF of 2.8 with respect to the one-planet model. Thus we conclude that the 84.3 days signal is significant while the 18.8 day signal is not significant enough to report. The 18.8 day signal is not see in the BFPs for S-index and Hα; more follow-up observations are needed to investigate the nature of this signal.
• HD 64114 is a G star with a mass of 0.95 M and a distance of 31.55 pc. The planet candidate is consistent with a Neptune with a minimum mass of 17.8 M ⊕ and an orbital period of 45.8 days. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index in the BFPs for the activity indices of S-index and Hα shown in Fig. 10 .
• HD 8326 is a K star with a mass of 0.8 M and a distance of 30.71 pc. The candidate is consistent with a planet with a minimum mass of 66.4 M ⊕ and an orbital period of 159 days, consistent with the temperate zone around this star. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index and Hα shown in Fig. 11 .
• HD 164604 is a K star with a mass of 0.77 M and a distance of 39.41 pc. The candidate is consistent with a Jupiter with a minimum mass of 635 M ⊕ and an orbital period of 641 days. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index and Hα shown in Fig. 12 .
• HIP 54373 is a K star with a mass of 0.57 M and a distance of 18.73 pc. There are two planet candidates corresponding to a hot super-Earth with a minimum mass of 8.6 M ⊕ and an orbital period of 7.76 days, and a hot Neptune with a minimum mass of 12.4 M ⊕ and an orbital period of 15.1 days. The orbits of these two planets form a 1:2 resonance. The eccentricities of these two candidate planets are consistent with zero since e = 0 is less than 2 σ away from the means. The corresponding two RV signals are consistently identified in the BFPs for various noise models (see P5, P6, P8, P9, P11 and P12 in Fig. 13 ) and do not show significant power excess in the BFPs for S-index and Hα. They are also consistent in time as seen from the moving periodograms shown in Fig. 17 and Fig. 18 . The two-planet solution is favored over the one-planet solution because ln(BF)= 5.2. The MAP value of the eccentricity for the 15.1 day signal decreases from 0.30 for the one-planet model to 0.24 for the two-planet model. Thus the 7.76 day signal is favored by the data in terms of increasing the goodness of fit and reducing the eccentricity of the 15.1 day signal to a lower and thus more reasonable value (Kipping 2013) . According to our analysis of the RV data, there are potentially additional signals, which warrant further observations and analysis.
• HD 24085 is a G star with a mass of 1.22 M and a distance of 54.99 pc. The planet candidate is consistent with a hot Neptune with a minimum mass of 11.8 M ⊕ and an orbital period of 2.04 days. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index and Hα shown in Fig. 14.
• HIP 71135 is an M star with a mass of 0.66 M and a distance of 32.36 pc. The planet candidate is consistent with a Neptune with a minimum mass of 18.8 M ⊕ and an orbital period of 87.2 days, consistent with the temperate zone around this star. The corresponding RV signal is not evident in the BFPs for the activity indices of S-index and Hα shown in Fig. 15 . The signal is consistent in time as seen from the moving periodogram shown in Fig.  20 .
CONCLUSION
We introduce a procedure to diagnose the nature of signals in RV data. In this diagnosis framework, we confirm a signal as Keplerian if it is statistically significant, consistent in time, robust to the choice of noise models, and not correlated with stellar activity. We develop an automated algorithm to implement this procedure. The application of this algorithm to the PFS data lead to an initial identification of about 200 primordial signals with high quality.
We report 15 planet candidates from these primordial signal based on analyses of 14 PFS RV data sets that are obtained for six G stars, seven K stars, and one M star. The masses of planets vary from 8 M ⊕ to 153 M ⊕ and the RV semi-amplitudes vary from 1.7 to 12 m/s. The detections of these signals demonstrate the ability of PFS to discover small planets around nearby stars. In particular, we report candidates HD 210193 b, HD 103949 b, HD 8326 b, and HIP 71135 b, which are located in the temperate zones of their stellar hosts and could potentially host temperate moons. We also report candidates HIP 54373 b and c, which form a 1:2 resonance. Such a resonance can stabilize a multiple-planet system for a long period of time, as is discovered in the TRAPPIST-1 system (Gillon et al. 2016; Luger et al. 2017 ).
Since our algorithm only automatically identifies signals in RV data obtained by a single instrument, we choose to report the signals for targets without other RV data sets available. Thus we do not check the consistency between PFS and other instruments. An updated algorithm will be developed to automatically analyze multiple RV data sets and to identify potential signals efficiently. Such an algorithm is suitable for modern RV surveys such as PFS, HARPS (Pepe et al. 2002) , and APF (Vogt et al. 2014) . Our algorithm also provides a diagnostic framework for reliable detections of exoplanets using the RV method. 
